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Abstract
Despite the volume of studies leveraging big data to explore socio-demographic
phenomena, we still know little about the intersection of digital information
and the social problem of intimate partner violence (IPV). This is an impor-
tant knowledge gap, as IPV remains a pressing public-health concern world-
wide, with 35% of women having experienced it over their lifetime and cases
rising dramatically in the wake of global crises such as the current COVID-19
pandemic. This study addresses the question of whether online data from
Google Trends might help to reach “hard-to-reach” populations such as vic-
tims of IPV using Italy as a case-study. We ask the following questions: Can
digital traces help predict instances of IPV — both potential threat and ac-
tual violent cases — in Italy? Is their predictive power weaker or stronger in
the aftermath of crises such as COVID-19? Our results combined suggest that
online Google searches using selected keywords measuring di↵erent aspects of
IPV are a powerful tool to track potential threats of IPV before and after
global-level crises such as the current COVID-19 pandemic — with stronger
predictive power post-crisis — while online searches help to predict actual
violence only in post-crises scenarios.
Keywords: Digital data, Google Trends, Intimate Partner Violence, Italy,
COVID-19.
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Introduction
Social media and online platforms including Facebook, Twitter, Instagram, and
Google o↵er new and unprecedented means of communicating, networking, looking
for information, and building communities for individuals all over the world. Online
platforms are mechanisms by which millions of people search, spread, share, and
exchange valuable information in domains ranging from work and occupation to
personal relationships, health, illness, nutrition, sports, politics, etc. As such, bits
of information obtained through online platforms – also called “digital traces” – have
increasingly become valuable data sources to address some of the most pressing local
and global social phenomena that we are confronted with every day (Lazer et al.,
2020). For instance, digital-trace data have been used to study socio-demographic
phenomena such as fertility (Billari et al., 2016; Billari and Zagheni, 2017; Rampazzo
et al., 2018), migration (Alexander et al., 2020; Zagheni and Weber, 2012; Zagheni
et al., 2017), health and mortality (Delpierre and Kelly-Irving, 2018; Öhman and
Watson, 2019), gender dynamics (Fatehkia et al., 2018; Kashyap et al., 2020), family
instability (Compton, 2019), and trust towards science and experts during the recent
COVID-19 pandemic (Battiston et al., 2020), providing great opportunities yet also
raising statistical, computational, and ethical challenges (Cesare et al., 2018).
Despite this proliferation of studies, we still know very little about the intersec-
tion of digital information and the social problem of intimate partner violence (IPV),
defined as violence perpetrated against women by their partners within and outside
of marriage. This is an important knowledge gap because IPV remains a pressing
public-health concern worldwide, with about 35% of women having experienced IPV
over their lifetime (WHO, 2013) and cases rising dramatically in the wake of global
crises such as the Great Recession (Schneider et al., 2016) or the current COVID-19
pandemic (Lindberg et al., 2020; Peterman et al., 2020; Abel and McQueen, 2020;
WHO, 2020; Arenas-Arroyo et al., 2021). As a matter of fact, during a situation
of lockdown women’s ability to escape abusive situations within their houses and
their ability to reach their support networks are reduced. At the same time, confine-
ment measures might increase alcohol consumption and other substances, while the
increased economic uncertainty due to the global health crisis might also increase
emotional stress, all elements which are associated with the perpetration of IPV
(Storey, 2020; Card and Dahl, 2011; Aizer, 2010, 2011).
As tracking instances of IPV is challenging – and particularly so in times of
crises during which reporting tends to be even lower – this study addresses the
question of whether big data might help to reach this “traditionally di cult-to-
reach” population (Xue, Macropol, Jia, Zhu and Gelles, 2019) using Italy as a case
study. One of the key advantages of using digital traces – which are generated
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from the use of digital technologies, rather than based on reporting – is precisely
that they can help address issues where reporting or social desirability biases that
preclude systematic reporting are prevalent – such as IPV or abortion (Reis and
Brownstein, 2010). If online information turns out to be a strong predictor of actual
instances of violence, this would suggest that big data might be a key — and, to
date, underappreciated — resource for tracking or even anticipating IPV and getting
a “fair” picture of the brunt of domestic violence that women bear daily, allowing
for better temporal resolution and spatial granularity than, for instance, household
surveys.
To summarize, the current study addresses the following two research questions
and tests the related hypotheses: [RQ1] Can digital traces from online sources such
as Google Trends help track/predict instances of IPV in Italy? Evidence on the role
of big data in other domains of social life suggests that they might [HP1 ]; [RQ2]
Provided digital data can be of help, is their predictive power weaker, stronger, or
unaltered in the wake of key macro-level discontinuities such as the current COVID-
19 pandemic? As instances of IPV increase in times of crises, we hypothesize a
stronger predictive power of digital data in the aftermath of crises. While actual
reporting is lower, online connectivity during crises tends to be high, either due to
rising unemployment, forced lockdowns at home, or both [HP2 ].
Findings from this paper: (i) inform whether digital information can be used to
track/predict IPV for hard-to-reach populations in Italy; (ii) shed light on where,
geographically, quick policy interventions might be needed the most and in what
specific domain; (iii) reveal whether big data might provide “real time” bits that help
target more immediate policy interventions in situations in which IPV cases cannot
be reported easily/quickly, such as the current lockdowns; (iv) inform, ultimately,
whether big data may allow to devise a sort of tracking system that serves as a
precursor or signal for anticipating increases in IPV. Very importantly, as Internet
penetration expands and digital divides by gender narrow, findings from this study
will also have broad applicability to low- and middle-income countries (LMICs) in
the years to come.
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Background
At the onset of the pandemic, several media outlets pointed out the upsurge of IPV
cases both in Italy1 and in the rest of the world.2 Moreover, the World Health
Organization (WHO) and UN Women underlined the risk of IPV being intensified
during lockdown periods as security, health, and economic concerns became more
pronounced (Arenas-Arroyo et al., 2021). Findings from recent studies regarding
the impact of lockdown measures on the incidence of IPV are aligned with these
concerns, which are pervasive across countries (Every-Palmer et al., 2020). Research
from Italy exploring the e↵ectiveness of the media campaign “Libera puoi”3 provides
evidence of the immediate increase in number of calls during the first weeks of the
lockdown, which remained at high levels until May 2020 (Colagrossi et al., 2020).
The study also documents the abrupt rise in Google search volumes of the keyword
1522 — the main anti-violence helpline in Italy — which occurred right after the
launch of the campaign.
Evidence from the city of Dallas in Texas (US) suggests a short-term spike in
domestic violence incident reports within the first two weeks of the lockdown pe-
riod (Piquero et al., 2020). Further to that, another study conducted in 14 large
metropolitan areas in the US found a 7.5% increase in IPV calls between March
and May 2020, with the e↵ect being more concentrated in the first five weeks of
social-distancing measures (Leslie and Wilson, 2020). Interestingly, the rise in IPV
cases was mainly driven by households without any previous violence history. A
similar case applies to the city of Chicago, where increased time spent at home in
challenging situations led to an overall decrease in total calls for police service, yet
an increase in domestic violence-related police calls, especially among couples with
no previous violence history and among married couples with children (Bullinger
et al., 2020). Despite the increased number of violence-related calls for police ser-
vice, a striking finding from the same study suggests that reported domestic-related
crimes and arrests by police o cers fell by 8.7% and 26.3% over the same period,
respectively. This result — which led the authors to conclude that between March
and April 2020 nearly 1,000 cases of domestic violence crimes went underreported —
potentially stems from underfilling of o cial incident reports by police o cers, an
issue which further exacerbates the well-known plague of IPV underreporting. Over-
all, using police dispatch and crime data from 36 police and sheri↵’s departments
1https://www.corriere.it/cronache/20_aprile_13/coronavirus-donne-vittime-
violenza-ora-chiedono-aiuto-via-mail-30b8152a-7c97-11ea-9e96-ac81f1df708a.shtml,
https://www.istat.it/it/violenza-sulle-donne/speciale-covid-19
2https://www.nytimes.com/2020/04/06/world/coronavirus-domestic-violence.
html,https://edition.cnn.com/2020/03/27/health/domestic-violence-coronavirus-
wellness-trnd/index.html
3http://www.governo.it/it/media/campagna-di-comunicazione-libera-puoi/14459
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and mobile tracking data, Hsu and Henke (2020) estimate that staying at home
due to COVID-19 increased domestic violence in the US by over 5% from March 13
to May 24, 2020. Research from Peru and Argentina also provides evidence of the
aggravated risk of domestic violence during lockdown periods and the rise in calls
to helplines throughout Latin America (Aguero, 2021; Perez-Vincent et al., 2020).
To the best of our knowledge, the impact of confinement measures on the risk of
IPV remains relatively understudied in the European context. Italy, our country
of interest, provides a suitable case study to address this research question by be-
ing among the earliest and worst-hit countries by the first wave of the COVID-19
pandemic.
Online data, most specifically social media data, provide a relatively recent —
and, to date, underappreciated — source to analyze and interpret human behav-
ior, as well as to now-cast and forecast individual and societal-level outcomes that
have great relevance for policy design and intervention (Alexander et al., 2020).
Epidemiology was one of the first disciplines to promote the use of big data for
research purposes, by analyzing online search data to now-cast and forecast out-
breaks such as influenza (Ginsberg et al., 2009), chicken pox (Pelat et al., 2009),
and salmonella (Brownstein et al., 2009). The use of big data in epidemiological
research came to be referred as infodemiology or infoveillance (Eysenbach, 2009)
and, as IPV/gender-based violence is as a public health issue, IPV received the
attention of infodemiology studies. In the case of Brazil, online search data on
feminicide are found to be positively associated with female homicide rates but
not with the introduction of feminicide-related laws, suggesting that in this con-
text information-seeking behavior relies more on the experience from actual cases
than policy campaigns (Martins-Filho et al., 2018). Social media data emerge as
an especially useful source as forums, groups, and social networks allow users to
share their experiences and establish emotional support among victims of IPV. For
instance, Twitter has increasingly been used as a medium in IPV research based on
big data, employing various computational methods, using tweets including IPV-
related keywords or hashtags as units of analysis. Studies show evidence that there
is an active Twitter community on violence against women, which tends to engage
in conversations (Xue, Macropol, Jia, Zhu and Gelles, 2019); this community also
highlights oft-neglected forms of violence such as reproductive coercion (McCauley
et al., 2018) and provides important information on awareness campaigns, as well as
a support platform (Purohit et al., 2015; Xue, Chen and Gelles, 2019). IPV studies
using data from Pinterest (Carlyle et al., 2018) and Instagram (Carlyle et al., 2019),
with predominantly female and young-adult users, respectively, corroborate the idea
that social media platforms involve an experience-based narrative on di↵erent forms
of violence and thus provide a valuable tool for policy makers and advocacy groups.
To the best of our knowledge, only few studies (e.g., Martins-Filho et al., 2018) to
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date have leveraged data on online searches from Google Trends to track dynamics
of IPV — a contribution we intend to provide with the current study. Digital
traces from Google Trends provide a useful source of information as, being the most
commonly used search engine, Google is more widely used than Twitter, Pinterest
or Instagram, thus providing an arguably less biased picture of socio-demographic
phenomena under investigation. As a matter of example, as of December 2020
Google was the most popular search engine in Italy, with a 95.7% share of the
search engine market compared to the 2.9% of Bing and the 0.81% of Yahoo!.4 As
of June 2020, social media penetration in Italy stood at 58%, with the most popular
social network remaining Facebook, with 36.9 million users, followed by Instagram
(27.7 million users), Linkedin (18.6 million users), and Pinterest (16.7 million users).
As for the same period, Twitter counted only 10 million users, TikTok 6.6 million
users and Reddit 2.8 million users.5 Also, Google Trends provide a flexible tool to
select and investigate a wide array of potential keywords measuring di↵erent facets
of IPV.
The First Wave of the COVID-19 Outbreak in Italy
On Friday the 21st of February 2020, the first case of COVID-19 was diagnosed in
a man living in the town of Codogno in the province of Lodi, a city located in the
Northern region of Lombardy in Italy. The virus then spread across neighbouring
regions in Northern Italy – including Veneto, Emilia Romagna, and Piedmont, all
of which began to report rapid increases in cases. Two days later, on February 23,
the government issued a decree which prohibited the movement of people outside 10
municipalities located in Lombardy and a municipality in Veneto. From March 8,
restrictions to avoid any movement were extended to the whole of Lombardy and to
other fourteen provinces in Northern Italy. On March 10 — our cuto↵ point for the
definition of lockdown in the current study — a new decree issued by Prime Minister
Giuseppe Conte extended these lockdown measures across the entire country of Italy
until May 4, when the country started a mild reopening which was completed by
mid-June 2020. The spread of the virus across the country – at least for the first
wave of the COVID-19 pandemic – was uneven with the majority of cases (and
deaths) being concentrated in Lombardy which, as of January 2021, counts more
than 30% excess deaths (hence our focus on Lombardy in the latter part of the
analysis). At the beginning of January 2021, Italy is the eighth country in the world
and the fourth in Europe for total number of cases, and the fifth country in the
world and the first in Europe for total number of deaths.
4https://gs.statcounter.com/search-engine-market-share/all/italy
5https://www.agcom.it/documents/10179/20440899/Documento+generico+16-10-
2020/dcdbcb3a-720c-4878-9f10-dcd8912ba984?version=1.0
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Data and Methods
This study combines data from various sources and tests the predictive power of
online data in the Italian context by relating digital traces with information on
actual IPV calls to o cial helplines. In a simplified framework, digital data provide
information on our predictors of interest, while data on actual IPV cases provide
information on our outcomes of study.
Starting from predictors, online data are obtained from Google Trends. Google
Trends is an increasingly popular source in infodemiology studies and provides nor-
malized data on the frequency of Google searches for a given time period, query, and
location. Data obtained from Google Trends do not reflect the actual number or vol-
ume, but rather the frequency of online searches on Google on a scale from 0 to 100.
Thus, zero does not necessarily mean a complete lack of Google searches; rather, it
means that the frequency of the searches for a given parameter does not meet the
minimum threshold set by Google. Google Trends provides search frequency data
on a daily basis if the requested time range is 90 days or less, on a weekly basis if the
time range is between 90 days and 5 years, and on a monthly basis if the requested
time period is longer than 5 years.
Google Trends data are obtained through the R package gtrendsR (Massicotte
and Eddelbuettel, 2020).6 We selected nine main search queries which are: 1522 (the
domestic violence helpline number in Italy), abuse (abuso), home & abuse (casa &
abuso), home & rape (casa & stupro),7 feminicide (femminicidio), rape (stupro),
domestic violence (violenza domestica), gender-based violence (violenza di genere),
and sexual violence (violenza sessuale). Note that we will use the English label in
all figures and tables that follow. We obtained three di↵erent data sets from Google
Trends, for these queries, for di↵erent time periods and locations, such that the unit
of time matches the one pertaining to the o cial records. The first data set consists
of daily data for Italy as a whole for the period between March 1 - June 30 for
five years, from 2016 to 2020. Second, we created a data set composed of monthly
data for the period March 1, 2013 to June 30, 2020, for all regions of Italy. We
calculated four-months averages of Google search inquiries for each keyword and for
each region. This step was performed in order to make the data compatible with the
yearly-aggregated number of helpline calls at the regional level. Lastly, the third
data set consists of daily Google Trends data, for the period between January 1,
2018 up to May 31, 2020 only for the region of Lombardy, Italy. As Google Trends
only allows for daily data to be obtained for a period of three months (90 days), we
repeatedly obtained daily Google Trends data for each three-month period to achieve
6
Our code will be made publicly available.
7
These refer to search queries that include both words, in no particular order.
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the time frame required. Once the consecutive periods of three months were pieced
together, we addressed the issue of each part of data being normalized within itself.
Thus, we downloaded weekly data for the given time frames (at once to ensure that
the normalization is within the necessary time frame) and matched the weekly and
daily data, where a value is present for the same date in both data sets. Based on
the matching dates, we calculated a weekly adjustment factor (Risteski and Davcev,
2014). By multiplying the daily data with the relevant weekly adjustment factor,
we ensured the consistency of the data set of daily data and then normalized it for
a range of 0-100 data.
Moving to outcomes, we rely on three sources of data. First, we obtained the
daily number of calls (valid calls) to the 1522 anti-violence helpline (1522 - Numero
anti violenza e stalking) from the Equal Opportunity Department (Presidency of the
Italian Council of Ministers) for Italy as a whole daily from March 1, to June 30,
from 2016 to 2020. Panel A of Figure 1 plots the daily number of valid 1522 calls and
daily number of 1522 Google hits between March and July from 2016 to 2020. As
shown in the Figure, during the period between March and July 2020, the number
of daily valid calls to the Italian helpline number increased considerably compared
to the same period of the previous years. Moreover, and as shown also in Colagrossi
et al. (2020), Google search volumes for the keyword 1522— the main anti-violence
helpline in Italy — rose considerably right after the Italian national lockdown and
the launch of the campaign “Libera puoi”. As a matter of comparison, during the
first wave of the COVID-19 outbreak in Italy (between the 1st of March and the 30th
of June 2020) there were 15,280 valid calls to 1522, +119.7% over the same period
in 2019. Of these calls, 32% came from victims of violence or stalking seeking for
help, 24% came from people seeking information about the helpline 1522, 6% came
from people reporting violence. The remaining were related to general information
seeking (37%)8 and emergency (1%).
The second source of data is the number of monthly anti-violence 1522 calls, col-
lected for the period March and June between years 2013-2020 and aggregated at the
regional level. These data are publicly available at The Italian National Institute of
Statistics (ISTAT, henceforth) website.9 Figure 2 visualizes the population-adjusted
number of 1522 calls for the period of March-June and for years 2013 (earliest) and
2020 (latest). While the highest call rate is between 0.20 and 0.25 per 1,000 people
in 2013, it climbs up to 0.30-0.35 per 1,000 in 2020 during the lockdown period.
In particular, we observe a notable increase in helpline call rates in those regions
that were severely impacted by the first wave of the pandemic such as Lombardy,
Piedmont and Emilia-Romagna. Lazio is the region exhibiting the highest rate of
8
Such as search for legal information, out-of-target calls related to requests for other useful
phone numbers, information about national shelters for victims of violence, and other reasons.
9
Available at: https://www.istat.it/en/archivio/246618.
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Figure 1: Daily number of valid 1522 calls and daily number of 1522 Google hits
(Panel A) and total number of 1522 calls (Panel B) by year (over the period 1st of
March-30th of June)
0
219
01jul2016 01jul2017 01jul2018 01jul2019 01jul2020
Valid 1522 calls
1522 adj. hits
PANEL A
6023
5152
7808
6956
15280
0
5,000
10,000
15,000
To
ta
l n
um
be
r o
f v
al
id
 c
al
ls
2016 2017 2018 2019 2020
PANEL B
increase in helpline calls between 2013 and 2020.
The third one are data from AREU (Azienda Regionale Emergenza Urgenza –
Regional Agency for Emergency Urgency), which provides data on daily calls to the
AREU emergency number in Lombardy (112) between January 1, 2018 and May
30, 2020, alongside the reason behind the emergency call. This additional variable
(reason) helps us identify calls that were received by AREU for reasons that can be
traced back to accident or violence-related purposes.10 Note that, as the first source
of data, data from AREU are daily, yet they pertain to Lombardy only — the first
source provides daily information for Italy as a whole with no regional identifier,
hence no possibility to conduct region-specific analyses — and they record a di↵erent
outcome (all emergency calls versus 1522 calls). The second source of data tracks the
same outcome — 1522 calls — yet data for Lombardy are yearly, rather than daily.
Overall, data from AREU add value to the analysis for two main reasons. First,
AREU data pertain specifically to Lombardy, the region hardest-hit by the COVID-
10
Albeit not perfect, we imposed the following restrictions to identify violence-related calls: (i)
we kept only “home” as the location from which the call was made; (ii) we kept only women as
the sex of the caller; (iii) we restricted the age range to 10-85; (iv) we only kept violence-related
motives (e.g., we excluded respiratory motives, among others).
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Figure 2: 1522 helpline calls by regions (per 1,000 people, 2013-2020)
(a) 1522 helpline calls by regions in March-June
2013 (per 1,000)
(b) 1522 helpline calls by regions in March-June
2013 (per 1,000)
19 pandemic. Second, from a theoretical standpoint, emergency calls — i.e., calls to
request an ambulance, mostly — measure actual or “realized violence,” while 1522
calls also measure “potential threat” or potential risk of experiencing IPV, as shown
above. This is confirmed by Figure 3 (bottom panel), which shows a marked drop
in calls to AREU made by women for accident or violence-related purposes in the
immediate post-lockdown period — a piece of evidence which stands in contrast with
trends for 1522 calls shown in Figure 1 and discussed in Colagrossi et al. (2020), and
with trends in calls to AREU made by both men and women for all reasons combined
(top panel). One hypothesis is that in the wake of strict confinement measures the
threat of violence might increase importantly, hence women resort to the main IPV
helpline (1522) to seek help and information, rather than requesting an ambulance
(AREU), which would rather occur in the presence of actual violence. Alternatively,
it may be the case that women calling do not provide the exact reason underlying
the emergency (e.g., due to stigma), thus leading to mis-recording or mis-reporting
of information on reasons behind the calls.
We first estimate the model reported in eq. (1) using Ordinary Least Squares
(OLS) regression with standard errors robust to heteroskedasticity:
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Figure 3: Daily number of calls to AREU from men and women for all reasons
combined (top panel) and from women for accident or violence-related purposes
(bottom panel)
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Yt = GoogleSearcht + post+  y + "t (1)
where Yt indicates the number of valid calls received by 1522 in day t, GoogleSearcht
represents the frequency of Google inquiries for the aforementioned keywords in day
t, post is a dummy variable assuming value 1 after March the 10th, when Italy
enforced the lockdown. Year fixed e↵ects ( y) are included to allow for hetero-
geneity across di↵erent years. Google searches are either contemporaneous to the
outcome or lagged (one week) in order to account for the potential time lapse be-
tween Google search and call to helplines. As a robustness check we also compute
the average Google hits for each selected keyword for the week and use it instead of
daily searches.
As far as the regional-level analysis is concerned, to mitigate the potential en-
dogeneity due to several confounding factors which are correlated with both Google
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searches and number of 1522 calls, we draw on a set of regional controls such as
educational attainment, unemployment rate, and Gross Domestic Product (GDP)
per capita. These data are also obtained from ISTAT. As of December 2020, educa-
tional attainment and annual unemployment data at the regional level are available
until the year 2019. Therefore, we replaced data on these two controls for 2020 with
data from 2019 as closest proxy. Moreover, we replaced regional GDP per capita
of the years 2019 and 2020 with the one of 2018 since the data are present only up
to 2018.11 We therefore estimate the following model using Ordinary Least Squares
(OLS) regression with clustered standard errors at the regional level:
Yrt = GoogleSearchrt +Xrt + "rt (2)
where Yrt indicates violence outcome (1522 or emergency number calls) for region
r and for year t, GoogleSearchrt represents the frequency of Google inquiries for the
aforementioned keywords in region r and averaged for year t 12 , Xrt are the set
of regional control variables and "rt is the error term. Number of calls and control
variables are adjusted to the regional population. We also include weekly lags in
order to account for the potential time lapse between Google search and call to
helplines, as above. Lastly, analyses with AREU data are conducted at the level of
Lombardy — rather than Italy — following eq. (1), i.e., including a weekly lag and
accounting for year fixed-e↵ects and a dummy for post-lockdown period.
Table 1 summarizes our data sources, alongside the spatio-temporal coverage
and the empirical strategy.
Table 1: Data sources, coverage, and empirical specifications
Data source Geographical Unit Time Unit Controls Model
Italian Equal Opportunity Department, valid 1522 calls Italy Daily Post lockdown (dummy), year fixed-e↵ects OLS. SE robust to heteroskedasticity
ISTAT, number of calls to 1522 Regions within Italy Yearly Educational attainment, Unemployment rate, GDP OLS. SE clustered at the regional level
AREU, number of calls Only Lombardy Daily Post lockdown (dummy), year fixed-e↵ects OLS. SE robust to heteroskedasticity
Results
Italy
Figure 4 reports the coe cient plot from regressions of daily 1522 valid calls, for Italy
as a whole, on our selected keywords (one for each row). In Panel A (and in Table
A1, Appendix) Google hits are contemporaneous to our outcome of interest, i.e.,
11
We intend to update our regional-level controls as the data become available at ISTAT.
12
Due to lack of adequate number of observations, inquiries for home & abuse and home & rape
are excluded from regional analysis.
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daily 1522 valid calls, while in Panel B (Table A2, Appendix) Google hits are lagged
by one week. In Panel C the explanatory variables are computed as the average of
the hits for the previous week (Table A3, Appendix). Google hits, i.e., the frequency
of queries, for keywords feminicide, domestic violence, and gender-based violence are
consistently positively and significantly correlated with helpline calls all across the
three di↵erent models. Abuse is positively and significantly associated with daily
calls only in Panel A, while searches for 1522 are associated with actual 1522 calls
only in Panel B. Table A4 in the Appendix shows that for domestic violence the
association between searches and calls is significantly higher in the post-lockdown
period compared to the pre-lockdown period, yet no di↵erential associations are
observed for the remaining keywords.
Figure 4: Coe cient plot from regressions of daily 1522 valid calls on Google
searches, by selected keywords (whole Italy).
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Council. In Panel A the explanatory variables are contemporaneous the the outcome; in Panel B
they are lagged by one week; in Panel C they are computed as the average over the previous week.
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Regions
Figure 5 presents results obtained from regional-level data on yearly-aggregated
number of calls.13 Search frequencies for keywords 1522, abuse, gender-based vio-
lence and sexual violence are positively and significantly associated with the number
of anti-violence helpline calls, while results for domestic violence suggest positive yet
weakly significant associations. On the other hand, searches for keywords feminicide
and rape appear to be insignificant in predicting the number of 1522 calls for the
March-June between 2013 and 2020 (full results in Appendix Table A5). Focus-
ing specifically on post-COVID findings (green marker), the relationship between
number of helpline calls and Google search frequencies on keywords 1522, abuse,
gender-based violence and sexual violence appears to be even stronger — in terms
of both magnitude and statistical significance — during the lockdown period (full
results in Appendix Table A6). Together, these findings signal the relevance of
Google search engines for women seeking help during confinement periods in which
traditional help mechanisms become harder to reach.
AREU calls in Lombardy
We last test the relationship between online searches and daily calls to the emergency
number in Lombardy using daily data from AREU. Note, once again, that emergency
calls to AREU di↵er from 1522 calls as the former are aimed at requesting an
ambulance, thus measuring actual violent cases that require immediate help and
assistance. Consistently with such discrepancy, our results with AREU data —
reported in Figure 6 — are quite di↵erent from the above. While the sign of the
estimated coe cients is for the most part positive, only searches for the keyword
feminicide positively and significantly predict emergency calls to AREU for the
whole period considered (blue marker) — full results reported in Appendix Table
A7. However, the evidence changes drastically when restricting the focus on the
post-lockdown period (green marker). As a matter of fact, the estimated coe cient
on online searches gets two to six times bigger in magnitude for all keywords except
for rape, and the coe cient becomes statistically significant for the keywords 1522,
abuse, domestic violence and sexual violence. Note that three of the four keywords
— namely 1522, abuse, and sexual violence — are the same ones that become
more strongly significant when predicting 1522 calls in the post-lockdown period
in Figure 5 — full results reported in Appendix Table A8. These results imply that
the tendency to seek IPV-related help online and reported IPV emergencies are
13
Analyses could only be conducted for seven out of the nine keywords, as too few queries could
be produced for the keywords home & abuse and home & rape for the selected geographical unit
and time frame.
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Figure 5: Coe cient plot from regressions of yearly 1522 calls on Google search
inquiries, by selected keywords (regional-level).
Notes: Data on the outcome from ISTAT.
more aligned during the lockdown period as Google, and Internet in general, have
become major sources for information-seeking during confinement periods. Overall,
all our results combined seem to suggest that online searches are a powerful tool to
track potential threats of IPV before and after global-level crises such as the current
COVID-19 pandemic — with stronger predictive power post-crisis — while online
searches help to predict actual violence only in post-crises scenarios.
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Figure 6: Coe cient plot from regressions of daily calls to AREU on Google search
inquiries, by selected keywords (Lombardy), one-week lag.
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Conclusions
This study addressed the question of whether big data might help to reach “hard-
to-reach” populations such as victims of intimate partner violence. Our focus on
digital traces relies on the premise that data that are generated from the use of
digital technology have the potential to address issues where reporting or social
desirability biases are prevalent, allowing for better temporal resolution and spatial
granularity than, for instance, household surveys. These are critical aspects when
studying time-sensitive social phenomena that require immediate interventions, such
as IPV, and especially so in the wake of global-level crises that increase levels of
uncertainty, economic instability, and stress within families and couples. Leveraging
the temporal discontinuity brought about by the current COVID-19 crisis, we have
focused on Italy, one of the countries hardest-hit by the first wave of the pandemic.
Also, we have focused specifically on digital traces from Google Trends to explore a
source of data which is to date underutilized yet holds strong potential in terms of
representativeness and population coverage, being the most commonly used search
engine — and far more widely used than other platforms such as Twitter, Pinterest,
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Instagram, or Yahoo.
We explored two related research questions. First, we investigated whether online
searches help predict instances of IPV in Italy over the last half decade. Second, we
assessed whether the predictive power of online searches is higher, lower, or unaltered
in the wake of global-level crises such as the current COVID-19 pandemic. To do
so, we relied on search frequencies for multiple keywords measuring di↵erent facets
of IPV, and we combined three di↵erent data sources varying in terms of temporal
coverage (yearly versus daily data) and level of analysis, thus providing analyses at
the country-level, regional-level, and for Lombardy only — the hardest-hit region
by the pandemic. By combining di↵erent sources of data, we were also able to
characterize instances of IPV into potential violence (or “threat” of violence) and
actual violence as measured by calls to request an ambulance.
Starting from the first research question, our findings at the country-level suggest
that online searches using selected keywords such as feminicide, domestic violence
and gender-based violence well predict daily calls to domestic-violence helplines ir-
respective of specification (i.e., regardless of whether online searches are measured
contemporaneously or during the previous week). The same overall finding is con-
firmed by regional-level analyses predicting yearly — rather than daily — calls.
On top of gender-based violence, regional analyses show that also keywords such as
1522, abuse, and sexual violence well predict helpline calls, even after controlling
for regional-level controls such as GDP per capita, unemployment rate, and educa-
tional attainment. Conversely, analyses on daily calls to the emergency number in
Lombardy provide little evidence of predictive power of online searches, except for
the keyword feminicide. These findings combined suggest that digital traces are a
powerful tool to track the risk of potential violence in “normal” or non-crises times,
while they are less e↵ective at tracking actual violent cases reported.
Moving to the second research question, while country-level analyses show lit-
tle evidence of di↵erential associations in the post-lockdown period, regional- and
Lombardy-level analyses do suggest far stronger associations — both in terms of
magnitude and statistical significance — in the post-lockdown period, with a high
degree of concordance in terms of relevant keywords, namely 1522, abuse, and sex-
ual violence. Two are the implications. First, these findings underscore the key
relevance of search engines — and of online connectivity in general — for women
seeking help during confinement periods in which traditional help mechanisms be-
come harder to reach. Second, findings from Lombardy which showed little to no
associations in non-crises times in fact reveal that online searches can be a powerful
tool to track actual violence in situations of global crises (i.e., post-lockdown) such
as the current COVID-19 pandemic.
Overall, results from this study suggest that Google searches using selected key-
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words measuring di↵erent aspects of IPV serve as a powerful tool for tracking po-
tential threats of IPV before and after global-level crises such as the COVID-19
pandemic — with stronger predictive power post-crisis — while online searches help
predict actual violence in post-crises scenarios only, likely pointing towards a more
active use of the Internet and the online resources that the Internet o↵ers. As a mat-
ter of fact, while actual reporting of IPV tends to be lower in times of crises, online
connectivity tends to be high, either due to rising unemployment, forced lockdowns
at home, or both. We thus conclude that big data might be a very important —
and, to date, widely underappreciated — resource for tracking or even anticipating
IPV and getting a real-time picture of the brunt of domestic violence that women
bear every day, but especially so in the wake of global-level crises.
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Appendices
1 Results using daily data from the Equal Oppor-
tunity Department (Presidency of the Italian
Council of Ministers), Italy
Table A1: Google hits and number of valid calls: Daily data, Italy
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Valid 1522 calls
1522 0.229
(0.199)
Abuse 0.325***
(0.107)
Home & Abuse 0.019
(0.042)
Home & Rape 0.076
(0.052)
Feminicide 0.326***
(0.081)
Rape 0.126
(0.077)
Domestic viol. 0.303***
(0.070)
Gender-based viol. 0.267***
(0.068)
Sexual viol. 0.087*
(0.050)
Post lockdown 83.355*** 86.015*** 86.370*** 85.443*** 85.612*** 85.914*** 80.551*** 85.156*** 85.930***
(5.085) (4.925) (4.876) (5.009) (4.982) (4.942) (5.203) (5.000) (4.932)
Year FE
Observations 608 608 608 608 608 608 608 608 608
Note: OLS. Robust standard error reported in brackets. * p<0.10, ** p<0.05, *** p<0.01
1
Table A2: Google hits and number of valid calls: Daily data, Italy (1 week lag)
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Valid 1522 calls
1522 (l) 0.495***
(0.178)
Abuse (l) 0.070
(0.111)
Home & Abuse (l) -0.059
(0.060)
Home & Rape (l) 0.027
(0.055)
Feminicide (l) 0.350***
(0.078)
Rape (l) 0.039
(0.063)
Sexual viol. (l) 0.082
(0.054)
Gender-based viol. (l) 0.172**
(0.068)
Domestic viol. (l) 0.348***
(0.072)
Post lockdown 83.114*** 86.114*** 86.375*** 86.214*** 85.059*** 86.190*** 86.542*** 85.073*** 82.914***
(5.103) (4.938) (4.896) (4.901) (4.961) (4.918) (4.955) (5.152) (4.532)
Year FE
Observations 601 601 601 601 601 601 601 601 601
Note: OLS. Robust standard error reported in brackets. * p<0.10, ** p<0.05, *** p<0.01
Table A3: Google hits and number of valid calls: Weekly data, Italy
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Valid 1522 calls
1522 (1 week avg.) -0.080
(0.166)
Abuse (1 week avg.) 0.003
(0.113)
Home & Abuse (1 week avg.) 0.075
(0.047)
Home & Rape (1 week avg.) 0.062
(0.050)
Feminicide (1 week avg.) 0.437***
(0.070)
Rape (1 week avg.) 0.109
(0.193)
Domestic viol. (1 week avg.) 0.921***
(0.185)
Gender-based viol. (1 week avg.) 0.321***
(0.119)
Sexual viol. (1 week avg.) -0.023
(0.078)
Post lockdown 87.204*** 86.058*** 83.530*** 85.378*** 86.294*** 85.887*** 70.571*** 85.056*** 86.241***
(4.730) (5.715) (5.815) (5.016) (4.894) (5.051) (6.019) (5.074) (5.001)
Year FE
Observations 608 608 608 608 608 608 608 608 608
Note: OLS. Robust standard error reported in brackets. * p<0.10, ** p<0.05, *** p<0.01
2
Table A4: Google hits and number of valid calls: Daily data, Italy, with post-
lockdown interaction
(1) (2) (3) (4) (5) (6) (7) (8) (9)
Valid 1522 calls
1522 0.252**
(0.108)
Post lockdown=1 ⇥ 1522 -0.035
(0.316)
Abuse 0.265***
(0.078)
Post lockdown=1 ⇥ Abuse 2.182
(1.705)
Home + Abuse -0.010
(0.032)
Post lockdown=1 ⇥ Home & Abuse 0.208
(0.229)
Home & Rape 0.022
(0.038)
Post lockdown=1 ⇥ Home & Rape 0.213
(0.183)
Feminicide 0.316***
(0.079)
Post lockdown=1 ⇥ Feminicide 0.113
(0.414)
Rape 0.084
(0.074)
Post lockdown=1 ⇥ Rape 0.811
(0.726)
Domestic viol. 0.034
(0.043)
Post lockdown=1 ⇥ Domestic viol. 0.854***
(0.188)
Gender-based viol. 0.229***
(0.047)
Post lockdown=1 ⇥ Gender-based viol. 0.220
(0.321)
Sexual viol. 0.067
(0.042)
Post lockdown=1 ⇥ Sexual viol. 0.223
(0.341)
Post lockdown=1 83.526*** 75.660*** 84.124*** 84.090*** 85.093*** 79.357*** 65.819*** 81.480*** 82.294***
(5.655) (10.450) (5.790) (5.365) (5.812) (8.592) (6.935) (7.909) (8.034)
Year FE
Observations 608 608 608 608 608 608 608 608 608
Note: OLS. Robust standard error reported in brackets. * p<0.10, ** p<0.05, *** p<0.01
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2 Results using yearly data from ISTAT, regional-
level
Table A5: Google hits and 4 months-aggregated calls at the regional level
(1) (2) (3) (4) (5) (6) (7)
Valid 1522 calls
b/se b/se b/se b/se b/se b/se b/se
1522 0.001***
(0.000)
Abuse 0.001***
(0.000)
Feminicide 0.000
(0.000)
Rape 0.000
(0.000)
Domestic violence 0.000
(0.000)
Gender-based violence 0.000***
(0.000)
Sexual violence 0.001***
(0.000)
Regional controls
Year FE
Observations 144 152 152 158 104 136 136
Note: OLS, as indicated. Clustered standard errors at regional level reported in brackets. *
p<0.10, ** p<0.05, *** p<0.01
4
Table A6: Google hits and 4 months-aggregated calls at the regional level, with
post-lockdown interaction
(1) (2) (3) (4) (5) (6) (7)
Valid 1522 calls
b/se b/se b/se b/se b/se b/se b/se
1522 0.001***
(0.000)
Post lockdown=1 ⇥ 1522 0.001
(0.001)
Abuse 0.001***
(0.000)
Post lockdown=1 ⇥ Abuse 0.001**
(0.001)
Feminicide 0.000
(0.000)
Post lockdown=1 ⇥ Feminicide -0.002
(0.003)
Rape 0.000
(0.000)
Post lockdown=1 ⇥ Rape -0.003
(0.003)
Domestic violence 0.000
(0.000)
Post lockdown=1 ⇥ Domestic violence 0.001
(0.001)
Gender-based violence 0.000*
(0.000)
Post lockdown=1 ⇥ Gender-based violence 0.003***
(0.001)
Sexual violence 0.001***
(0.000)
Post lockdown=1 ⇥ Sexual violence 0.003***
(0.001)
Post lockdown=1 0.020 0.028 0.112*** 0.120*** 0.062** 0.031* 0.023
(0.037) (0.026) (0.041) (0.042) (0.028) (0.018) (0.028)
Regional controls
Year FE
Observations 144 152 152 158 104 136 136
Note: OLS, as indicated. Clustered standard errors at regional level reported in brackets. *
p<0.10, ** p<0.05, *** p<0.01
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3 Results using daily data from AREU, Lombardy
Table A7: Google hits and calls to AREU, Lombardy
AREU calls, Lombardy
(1) (2) (3) (4) (5) (6) (7)
1522
0.008
(0.025)
Abuse
0.030
(0.027)
Feminicide
0.076***
(0.027)
Rape
-0.045
(0.039)
Gender-based violence
0.020
(0.038)
Domestic violence
-0.004
(0.040)
Sexual violence
0.047
(0.039)
Constant
88.975***
(0.538)
88.718***
(0.616)
88.600***
(0.555)
89.346***
(0.610)
89.004***
(0.538)
89.005***
(0.538)
88.996***
(0.538)
Year FE
Observations 875 875 875 875 875 875 875
Note: OLS, as indicated. Robust standard errors in brackets. * p<0.10, ** p<0.05, *** p<0.01.
6
Table A8: Google hits and calls to AREU, Lombardy, with post-lockdown interac-
tion
AREU calls, Lombardy
(1) (2) (3) (4) (5) (6) (7)
1522
-0.028
(0.023)
Post lockdown=1 x 1522
0.306***
(0.055)
Abuse
-0.001
(0.027)
Post lockdown=1 x Abuse
0.659***
(0.211)
Feminicide
0.059**
(0.026)
Post lockdown=1 x Feminicide
0.095
(0.154)
Rape
-0.050
(0.037)
Post lockdown=1 x Rape
-0.014
(0.247)
Gender-based violence
-0.008
(0.035)
Post lockdown=1 x Gender-based violence
0.270
(0.208)
Domestic violence
-0.037
(0.039)
Post lockdown=1 x Domestic violence
0.368**
(0.187)
Sexual violence
0.007
(0.038)
Post lockdown=1 x Sexual violence
0.396**
(0.193)
Post lockdown=1
-11.790***
(2.662)
-13.358***
(3.254)
-9.467***
(2.700)
-9.402***
(2.878)
-9.360***
(2.549)
-9.420***
(2.533)
-9.474***
(2.527)
Constant
89.110***
(0.535)
89.011***
(0.617)
88.693***
(0.556)
89.382***
(0.605)
89.006***
(0.539)
89.004***
(0.539)
89.004***
(0.538)
Year FE
Observations 875 875 875 875 875 875 875
Note: OLS, as indicated. Robust standard errors in brackets. * p<0.10, ** p<0.05, *** p<0.01.
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